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Abstract: Heavy metal pollution in farmlands is a serious threat to sustainable agricultural
development and has become a major agro-ecological problem that has attracted public concern in
China. This study proposes a soil–crop collaborative risk assessment model that aims to assess the
potential safety risks of heavy metal pollution in farmland soils by considering the concentrations
of heavy metals in soils and the accumulation effects of heavy metals in crops. Based on these
effects, a decision support system for risk assessment of heavy metal pollution in farmland soil is
established, in which technologies such as web-based geographic information system, quick response
code, radio frequency identification, and web service are introduced as the bases. The proposed
system is composed of a mobile data acquisition terminal (MDAT) and a web-based information
system (WIS). The MDAT, which is a portable computerized device running on the Android platform,
is used for data acquisition or query, and the WIS is used for risk assessment, data management,
and information visualization. The system is employed in some county-level cities in China for risk
assessment and supervision of heavy metal pollution in farmlands. The practical application results
show that the system provides highly efficient decision support for risk assessment of heavy metal
pollution in farmland soils.
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1. Introduction

China has experienced rapid economic growth in the past nearly 40 years because of their
reform and opening-up policy and became the world’s second largest economy behind the USA in
2010 [1]. However, the country is still confronted with increasingly serious environmental pollution
problems [2–4], especially heavy metal pollution in water and soil [5–8], which has been identified as
the main cause of cancer [9]. Heavy metals, such as cadmium (Cd), mercury (Hg), arsenic (As), lead
(Pb), chromium (Cr), zinc (Zn), copper (Cu), cobalt (Co), and nickel (Ni), can pose a serious hazard to
the environment and human health [10]. Although some of them, such as Zn, Cu, and Co, are essential
trace elements in the human body within a certain safety threshold [5], most of the metals are classified
as highly cytotoxic, carcinogenic, and mutagenic by the International Agency for Research on Cancer
even at low concentrations [5,11]. Previous studies showed that excessive Pb and Hg can permanently
damage the nervous system and brain and that the accumulation of Cd and As has toxic effects on the
liver, lung, kidney, and skin [12,13].
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Farmland soils are the basis of agricultural production, and their environmental condition is
closely related to the quality and safety of agricultural products and human health [10,14–16]. Heavy
metal pollution in farmlands is an important issue as it is closely linked to the human food chain [5,7,15].
Heavy metal pollution in farmlands cause decreased quality and safety incidents in agricultural
products. Many agricultural product incidents, such as the blood Pb contamination in Hunan [17], Cd
pollution in Guangxi [18], and Cd-tainted rice in Hunan 2013 [5,19], have occurred across China due
to heavy metal pollution in farmlands, which has recently become a major agro-ecological problem
that has attracted public concern. This problem is a serious threat to the sustainable development of
modern agriculture and socio-economy, the agro-ecological environment, and the quality and safety of
agricultural products.

Currently, the study of heavy metal pollution in farmlands has become the focus of attention
of the government and the public. In April 2014, the Ministry of Environmental Protection of China
(MEPC) and the Ministry of Land and Resources of China jointly released the results of a national
survey on soil pollution and soil quality, which showed that 19.4% of the samples collected from the
surveyed farmlands were polluted [20]. In May 2016, the State Council of China released an action
plan for soil pollution control, which provides comprehensive and strategic arrangements for the
prevention and control of soil pollution in China [21]. Subsequently, the MEPC and other ministries
and local governments have performed a series of active measures for preventing and controlling soil
pollution and achieved some success [21].

Meanwhile, heavy metal pollution has also attracted the attention of local and international
scholars. Hu et al. [5] reviewed the current status and related public policies of heavy metal pollution
in China and presented a few countermeasures for preventing heavy metal pollution. Ding et al. [6]
investigated historical changes and spatial variations in metal concentrations in Chinese composts
by analyzing representative compost samples and published data. Some studies showed that heavy
metal pollution in farmland soils is mainly from Cd, Hg, Cu, and Ni and that Cd is the main pollutant
in farmland soils in China, with the highest pollution rate among these pollutants of 7.75% [22].
Si et al. [14] indicated that long-term irrigation with polluted Yellow River water leads to metal
accumulation in local farmland soils and spring wheat. Wan et al. [15] proposed a remediation
method for contaminated soil by planting mulberry trees instead of rice based on their risk assessment.
Tang et al. [23] proposed a novel ecological hydraulic remediation technique for soils contaminated by
heavy metals that integrates the advantages of chemical elution, solidification, phytoremediation, and
field management.

Numerous methods can be used to assess heavy metal pollution with regard to risk
assessment [24–27]. Some common methods include the single-factor pollution index [24], Nemerow
pollution index (NPI) [25–27], enrichment factor (EF) [24,26,27], potential ecological risk index
(PERI) [26–28], geoaccumulation index (Igeo) [24,26,27], and contamination security index (CSI) [24].
Cai et al. [26] compared the abovementioned methods and discussed their use in the assessment of soils
in relation to heavy metal pollution using empirical and real-world data. A comprehensive assessment
of heavy metal pollution in the topsoil of a historical urban park was conducted using the NPI, EF, Igeo,
PERI, and CSI pollution indices [24]. Xiao et al. [25] used the Igeo, PERI, hazard index, and carcinogenic
risk index to assess and determine the human health risk of heavy metals in urban soils from a steel
industrial district in China. Qu et al. [7] presented a health risk assessment procedure for heavy metal
pollution using the Monte Carlo simulation technique that they based on the U.S. Environmental
Protection Agency model and concluded that Pb poses a significant cumulative non-carcinogenic risk
to workers [7]. Li et al. [19] used spatial statistical methods to examine the underlying socioeconomic
and physical factors behind water pollution. Potential health risk expressed as a hazard quotient was
used to assess the environmental impact and site-specific health risks of chromium (Cr) via direct
and indirect exposure assessment methods [29]. In the study of Chen et al. [27], several pollution
indicators were used to evaluate pollution levels, and Monte Carlo simulation was used to analyze the
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uncertainty of the health risk model. The principles of these methods differ, and each method has its
own strengths and weaknesses [26,28].

In addition, many scholars have applied geographic information system (GIS) technology for
analyzing and visualizing spatial data on heavy metal pollution [30–34]. For example, Carr et al. [30]
created spatial distribution maps, 3D images, and interpretive hazard maps for heavy metal pollution
using GIS techniques. Shan et al. [32] used GIS to display principal component analysis results spatially
to investigate the influence of land use on heavy metal accumulation. Amous and Hassan used GIS
techniques for evaluating heavy metal risk in water [33]. The abovementioned studies are important
in controlling heavy metal pollution in farmland soils.

However, the corresponding information system for heavy metal pollution in farmland soils is
outdated, thereby leading to insufficient effective risk assessment or supervision of heavy metal
pollution in farmland soils. With the rapid growth of heavy metal pollution monitoring data,
an intelligent management information system should be established by using current advanced
information technologies to effectively integrate massive amounts of data for data sharing, data
mining [35], and decision support [36,37]. In this study, a decision support system based on web-based
GIS (WebGIS) for risk assessment of heavy metal pollution in farmland soils is constructed and aims to
assess the potential safety risk in farmland soils. Through our system, we can realize convenient data
collection, rapid data query, and risk assessment of heavy metal pollution in farmland soils.

2. Framework for Decision Support of Risk Assessment

Decision support theory, methods, and algorithms have been discussed by many researchers
in the literature [36–43]. In this study, a decision support system for risk assessment of heavy metal
pollution in farmland soils (DSS–RAHMP) is proposed (Figure 1) and can be used for common risk
assessment practices for heavy metal pollution in farmland soils.

As shown in Figure 1, the framework can be divided into four layers from an architectural
point of view: (1) infrastructure; (2) business application; (3) presentation; and (4) user layers. The
infrastructure layer is used to provide infrastructure support for the risk assessment of heavy metal
pollution; this layer includes data storage and web application services, load balance, and virtualization.
The business application layer is used to provide users with various application services, such as
risk assessment, data query and update, statistical analysis, agricultural survey, and information
virtualization. The presentation layer is responsible for formatting and displaying information from
the business application layer. The user layer offers various user interfaces, such as desktop computers,
laptops, and tablet personal computers (PCs), through which users can access the system.

Moreover, the DSS–RAHMP is composed of: (a) a mobile data acquisition terminal (MDAT); and
(b) a web-based information system (WIS). The MDAT is an Android-based portable computerized
device that runs a data acquisition system for data acquisition or query. The WIS, which is the core of
the DSS–RAHMP, is used for risk assessment, data management, and data query.
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Figure 1. Decision support system for risk assessment of heavy metal pollution in farmland soils
(DSS–RAHMP).

2.1. Three-Layered Software Architecture Model

A three-layered software architecture model is used to build the WIS and MDAT, which are both
based on a model view controller (MVC) [44], to make the system open, flexible, scalable and reusable.
Design patterns are proposed through the integration of integrated Spring MVC [45], Hibernate
4.2 [46], Struts 2.3.1 [47], SiteMesh 3 [48], and Maven 3.5.0 [49]. Figure 2 divides the three-layered
software architecture model into four parts: the presentation layer (PL), business logic layer (BLL),
data access layer (DAL), and model. The PL provides the user interface of the system and typically
uses a controller and Java server pages (JSPs)/Views for browser-based/Android-application-based
interactions, respectively; the controller is responsible for forwarding requests, and the JSPs/Views
are responsible for displaying the web page to the user. The BLL separates the DAL from the PL
and serves as an intermediary for data exchange between the two layers. The BLL implements the
business functionality of the system, which is typically composed of services implemented using Java
programming language. The DAL is responsible for exposing the data stored in the database to the
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BLL, thereby isolating the BLL from the details of the specific data storage solution; this isolation
can minimize the effect of changes in database provider or schema. The model is an object-oriented
entity or a data container that encapsulates and conceals the details of the specific data representation
formats. This proposed three-layered software architecture model has high cohesion, reusability, and
scalability, low coupling, and easy deployment and maintenance characteristics.
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2.2. Data Acquisition and Management

2.2.1. Data Acquisition

A data acquisition system for heavy metal pollution in farmlands running on an MDAT, that is, a
smartphone application (Figure 3), is developed using the Android platform with Java programming
language to collect data quickly and conveniently [50]. Android Software Development Kit 23.0.0
and Android Studio 2.3, which is the official integrated development environment for the Android
platform, are utilized in the development of this smartphone application. Figure 3 shows the four
functional modules of the data acquisition system: pollution source tagging, data collection monitoring,
questionnaire survey, and system settings. The data acquisition system can exchange data with the
WIS using web service. Data acquisition personnel can easily record sampling information on a mobile
phone and report data in real time with this data acquisition system.

In addition, quick response (QR) code, radio frequency identification (RFID), near-field
communication (NFC), and 4G mobile technologies are integrated in the data acquisition system.
The ID of a sample can be quickly obtained by the data acquisition system by scanning QR codes or
RFID tags. Thus, this identifier is valuable in improving the efficiency of data acquisition.
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2.2.2. Data Management

As the core of the DSS–RAHMP, the WIS is responsible for data processing and storage. All data
uploaded by the MDAT can be processed by the WIS. The WIS is developed in Java programming
language [50] and is based on a three-layered software architecture model that runs on Tomcat 7.0 web
server and supports Java Development Kit 1.7 or later. In addition, the WebGIS technology, that is,
Baidu Maps, is utilized for displaying the monitoring data dynamically and visually in the WIS.

The main functional modules of the WIS are risk assessment, data management monitoring,
pollution source management, agricultural survey, statistical analysis, and system settings. In the
data management monitoring module, we can create new sampling tasks, assign them to the data
acquisition personnel, and audit the monitoring data uploaded by the MDATs. In the pollution
source management module, we can visually add pollution sources and monitoring points to the map.
Meanwhile, many data mining methods are integrated into the statistical analysis module, and various
data reports from multiple dimensions can be generated. The agricultural survey module can be used
for various surveys, such as those for heavy metal pollution investigation and the intention of farmers
to plant crops. Finally, the risk assessment of heavy metal pollution in farmland soils is conducted in
the risk assessment module, which is based on our proposed soil–crop collaborative model (Section 3).

2.3. Key Technologies

2.3.1. WebGIS

GIS is a computing system that can store, manipulate, analyze, and display spatial and geographic
data [30]. GIS technology can support rapid spatial orientation, location retrieval, and information
visualization in the risk assessment process of heavy metal pollution in farmlands. WebGIS is the
junction of web technology and GIS, thereby improving and extending the functionality of GIS. WebGIS
is a distributed system that provides geographic information services that are based on Internet or
intranet platforms and allows users to access geographic data and processing services only with web
browsers. Thus, WebGIS has strong interactivity and dynamics. Compared with traditional GIS
software, WebGIS has lower application threshold, wider application range, more timely data update,
lower construction cost, and higher security. Many large Internet companies, such as Google, Baidu,
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and Tencent, recently developed online maps that are based on WebGIS technology for public use.
In this study, Baidu Maps is used for visually displaying the pollution risk level and the detail of each
monitoring point on the map.

2.3.2. QR Code and RFID

QR code [51,52] is the trademark for a type of 2D barcode. RFID [52,53] uses electromagnetic
fields for automatically identifying and tracking tags attached to objects. In this study, QR code and
RFID technologies are used for sample identification by scanning barcodes or reading RFID tags with
smartphones. An RFID or a QR code tag, shown in Figure 4a, is attached to a sample bag. The QR
code tag can be scanned by a smartphone camera, and the RFID tag can be read by the built-in NFC
module of a smartphone.

To ensure the authenticity and normality of the collected samples, a unified sample coding
method that can generate a unique ID for each sample is designed. The ID code of each sample
consists of 20 digits, which is divided into three parts, project information, regional code, and serial
number, which is further subdivided into eight parts (Figure 4b). When assigning a sampling task, the
system automatically generates and prints the QR code tags for the samples to be collected. When
collecting the soil or crop samples, the data acquisition personnel can quickly enter the sample code,
which can automatically associate with and bind monitoring points by scanning the QR code or RFID
tag embedded on the sample bag using a smartphone. This type of collection method considerably
improves the efficiency of data acquisition and reduces workload. Thus, this method can be considered
a highly efficient solution.
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2.3.3. Web Service

Web service is the service provided by an information system to another [54] by communicating
with each other via the Internet or intranet, thereby describing a standardized way of integrating
web-based interfaces using extensible markup language, simple object access protocol, web services
description language, and universal description, discovery, and integration open standards. In this
paper, web service technology is used for data exchange between the WIS and the MDAT equipment
or between the WIS and other external information systems. Thus, this decision support system has
good openness and high scalability.

3. Risk Assessment Model for Heavy Metal Pollution

3.1. Traditional Soil Heavy Metal Risk Assessment Model

In this study, a risk assessment model that only considers the concentration of soil sample is
first presented. This model is called the traditional soil heavy metal risk assessment model and uses
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the single-factor pollution index (SFPI) and Nemerow pollution index (NPI) to evaluate heavy metal
pollution in farmland soils [24,25]. SFPI refers to the single pollution index of particular heavy metals
in farmland soils, whereas NPI is a multifactor environmental quality index that considers extreme
values and is frequently used to assess the degree of soil pollution [25]. The SFPI is obtained by the
measured concentration of each heavy metal divided by its limited value in the farmland soil. The
formula is as follows:

Sk =
SCk
SLk

(1)

where Sk, SCk, and SLk are the single pollution index, measured concentration, and limit value of the
kth heavy metal in the farmland soil, respectively, and can be obtained according to relevant technical
standards. Then, the soil pollution index of each monitoring point can be obtained by the NPI model,
which is calculated by the following equation:

PISi =

√√√√√(
1
m

m
∑

k=1
Sik

)2
+ (Simax)

2

2
(2)

where PISi is the soil pollution index of the ith monitoring point, Sik is the single pollution index of the
kth heavy metal in the soil of the ith monitoring point, m is the number of studied heavy metals, and
Simax is the maximum value of the single pollution index for all the heavy metals in the ith monitoring
point, which is described as follows:

Simax = max{Si1, · · · , Sik, · · · , Sim} (3)

The pollution degree of the monitoring point is categorized by the Chinese environmental
protection industry standard “The Technical Specification for Soil Environmental Monitoring (HJ/T
166–2004)”, which is presented in Table 1.

Table 1. Pollution grade of heavy metals in farmland soil of each monitoring point.

Soil Pollution Index Pollution Grade Description

PISi ≤ 0.7 I Excellent
0.7 < PISi ≤ 1.0 II Good
1.0 < PISi ≤ 2.0 III Lightly Polluted
2.0 < PISi ≤ 3.0 IV Moderately Polluted

PISi > 3.0 V Severely Polluted

3.2. Soil–Crop Collaborative Risk Assessment Model

Previous studies showed that the transfer and accumulation characteristics of heavy metals in
different soil–crop systems are different [55,56]. Therefore, the accumulation effects of heavy metals in
crops should be considered when evaluating the pollution degree of heavy metals in farmland soils.
This study proposes a soil–crop collaborative assessment model that considers the bioaccumulation of
heavy metals in crops in the evaluation of heavy metal pollution in farmlands. In other words, the soil
sample of each monitoring point and its corresponding crop sample are jointly used for assessing the
pollution degree in the monitoring point.

The crop and soil samples are evaluated similarly. Let Ck denote the single pollution index of the
kth heavy metal in crops, which is expressed as follows:

Ck =
CCk
CLk

(4)
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where CCk is the measured concentration of the kth heavy metal in the crop and CLk is the limit value of
the kth heavy metal in the crop, which can be determined by the Chinese national standard “National
Standards for Food Safety—Maximum Limits of Pollutants in Foods (GB 2762–2017).” Then, we can
obtain the crop pollution index of the ith monitoring point, which is defined as:

PICi =

√√√√√(
1
m

m
∑

k=1
Cik

)2
+ (Cimax)

2

2
(5)

where PICi is the crop pollution index of the ith monitoring point, Cik is the single pollution index of
the kth heavy metal in the crops of the ith monitoring point, m is the number of studied heavy metals,
and Cimax is the maximum value of the single pollution index for all the heavy metals in the crops of
the ith monitoring point, which is expressed as:

Cimax = max{Ci1, · · · , Cik, · · · , Cim} (6)

Then, the pollution index of each monitoring point is determined by the combination of soil and
crop pollution indices, which is defined as:

PIi = α× PISi + β× PICi (7)

where α + β = 1 and α and β are the weights of PISi and PICi, respectively, which indicate the importance
of soil samples and crop samples, respectively, in the assessment of heavy metal pollution in farmland
soils. The values of α and β are determined by domain experts. Previous studies show that heavy
metals mainly harm farmland soils through their absorption by crops, which leads to quality and
safety problems for agricultural products [5,7,15]. In this study, we selected three experts on soil heavy
metal pollution control to determine the values of α and β. Three experts agree that the concentrations
of heavy metals in crops should be treated the same way as in soils. Thus, we set α = β = 0.5 in this
study. High levels of pollutants in soils or crops could be smoothened by the average; nevertheless, to a
certain extent, this average can more effectively reflect the damage of heavy metal pollution to the soil
in comparison with the sole consideration of soil samples. The values of α and β can be dynamically
adjusted based on expert opinions.

Finally, the pollution degree in the monitoring point can be obtained and evaluated using five
levels (Table 2).

Table 2. Pollution degree of heavy metals in farmland soil of each monitoring point.

No. Pollution Index Pollution Level Description

1 PIi ≤ 0.7 I Excellent
2 0.7 < PIi ≤ 1.0 II Good
3 1.0 < PIi ≤ 2.0 III Lightly Polluted
4 2.0 < PIi ≤ 3.0 IV Moderately Polluted
5 PIi > 3.0 V Severely Polluted

4. Results and Discussion

4.1. Study Area and Data

4.1.1. Study Area

Xiangtan County in Hunan Province, which is well-known as the hometown of nonferrous metals,
is used as the study area for verifying our proposed model. Xiangtan County is in the lower reaches of
Xiang River, which covers an area of approximately 2132 km2 and is within N 27.333–28.083 and E
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112.416–113.049. A total of 945 monitoring points are used, and their spatial distribution is shown in
Figure 5. Most of these monitoring points are in the middle east of this county, and a small amount is
in the south of this district, which has a good distribution of rice fields. The 945 monitoring points are
distributed among the 285 administrative villages of 15 towns and seven townships of the county.
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4.1.2. Data

This study examines data on five types of heavy metals, namely, Cd, Hg, As, Pb, and Cr, which
are commonly related to human health and are the main causes of heavy metal pollution in farmland
soils in China according to a national survey of soil pollution on soil quality released by the Chinese
government department in 2014 [20]. We select rice as the crop sample because it is the main cultivated
crop in the area. A soil sample (0–20 cm) and a corresponding rice sample are collected from each of
the 945 monitoring points. The latitude and longitude of each monitoring point and its soil type, land
utilization, farming, irrigation, sampling scene pictures, and surrounding potential pollution sources
are recorded and uploaded to the WIS synchronously by using our developed data acquisition system.
All soil and rice samples are transported to the laboratory in sealed plastic bags for laboratory testing.
The test results are imported into the WIS promptly after testing.

4.2. Sample Characteristics

A descriptive statistical summary of the concentrations of the heavy metals in the soil and rice
samples (Table 3) is obtained using DPS software (Hangzhou Rui Feng Information Technology Co.,
Ltd.: Hangzhou, China) [57], which is the commonly used statistical analysis software in China. Table 3
shows that the median concentrations of Cd, Hg, As, Pb, and Cr in the soil are 0.55, 0.15, 17.10, 44.30,
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and 70.50 mg/kg, respectively. Similarly, the median concentrations of Cd, Hg, As, Pb, and Cr in the
rice are 0.28, 0.01, 0.08, 0.00, and 0.08 mg/kg, respectively. The median and mean concentrations of the
heavy metals in the soil and rice are close, thereby indicating that the distribution concentrations of
the heavy metals in soil and rice are approximately symmetrical. The maximum and minimum values
of Cd in the soil are 128.40 and 0.17, respectively, which has a difference of approximately 755 times.
Meanwhile, the differences between the maximum and minimum values of Hg, As, Pb, and Cr in
the soil are approximately 22, 29, 12, and 8 times, respectively. The minimum value of each heavy
metal except Cd is close to 0; that of Cd is 6.21, which is high. The coefficient of variations (CVs) of the
heavy metals in the soil are 34.33–461.42%, and those in the rice are 42.59–233.46%. The kurtosis of
each data item (except Hg in rice) is greater than 0. Notably, the data item for Cd in the soil has a high
kurtosis, thereby indicating that its distribution has extreme values. The skewness of all data items are
greater than 0, thereby indicating that their distributions have the exact skewness. The median and
mean values of the soil pH are 5.50 and 5.61, respectively, and the range of soil pH is 4.30–7.80, thereby
indicating that the soil in the studied area is mostly acidic.

Table 3. Descriptive statistical summary of concentrations of heavy metals in soil and rice samples.

Statistical Measures Cd 1 Hg 1 As 1 Pb 1 Cr 1 pH Cd 2 Hg 2 As 2 Pb 2 Cr 2

Minimum 0.17 0.06 5.10 22.00 40.30 4.30 0.00 0.00 0.00 0.00 0.00
Maximum 128.40 1.32 149.20 265.50 327.30 7.80 6.21 0.01 0.98 1.22 3.20

Median 0.55 0.15 17.10 44.30 70.50 5.50 0.28 0.01 0.08 0.00 0.08
Mean 0.97 0.17 18.29 48.54 74.58 5.61 0.46 0.01 0.09 0.02 0.23

SD 4.48 0.10 8.87 17.62 25.61 0.57 0.57 0.00 0.05 0.06 0.35
CV (%) 461.42 56.96 48.50 36.29 34.33 10.11 123.40 42.59 62.24 233.46 155.19

Kurtosis 698.05 48.11 80.49 39.50 31.85 1.14 18.99 −0.56 72.29 206.86 18.76
Skewness 24.97 5.40 6.98 4.69 4.43 0.78 3.40 0.19 4.69 11.40 3.52

1 Measured concentration of each heavy metal in the soil sample (mg/kg); 2 measured concentration of each heavy
metal in the rice sample (mg/kg).

The concentration histograms of the heavy metals in the soil and rice samples (Figure 6)
are generated by the statistical package of the open-source software R to clearly demonstrate
the concentration distribution characteristics of each heavy metal [58]. Figure 6 shows that the
concentration distributions of the heavy metals in the soil and rice have exact skewness. However, the
concentration distributions of Hg, Pb, and CR in the rice are not balanced, thus indicating a difference
in the transfer and accumulation characteristics of the different heavy metals in the rice. Figure 7 shows
that the concentration distribution curve of the pH coincides with the approximate norm distribution
curve in Figure 7a. The points on the Q–Q plot approximates to a straight line in Figure 7b, showing
that the concentration distribution of the soil pH value is approximately normal.

The Pearson correlation coefficient between the concentration of the heavy metals and the pH in
the soil and rice is obtained by using DPS software [57] (Table 4). A significantly positive correlation
at the 0.01 level exists between variables Cd 1 and Cd 2, with the correlation coefficient being 0.220.
That is, the concentrations of Cd in the soil and rice have a significantly positive correlation at the
0.01 level. In a similar way, the correlation coefficient is 0.384 between variables Pb 1 and Pb 2 at the
0.01 level of significance. That is, the concentrations of Cd in the soil and rice have a significantly
positive correlation at the 0.01 level. The concentrations of Cd in rice (Cd 2) and Pb in soil (Pb 1) and the
concentrations of Hg in soil (Hg 1) and Pb in soil (Pb 1) also show a significantly negative correlation
at the 0.01 level, respectively. By contrast, the concentrations of Hg in soil and rice (Hg 1 and Hg 2,
respectively) have a significantly negative correlation at the 0.01 level. In addition, the concentration
of Cd in rice (Cd 2) and the pH value of the soil (pH 1) show a significantly negative correlation at
the 0.01 level, with the correlation coefficient being −0.181. This result indicates that a high soil pH
equates to the low binding ability of Cd in rice.
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Table 4. Correlation coefficient matrix of concentrations of heavy metals in soil and rice samples.

Cd 1 Hg 1 As 1 Pb 1 Cr 1 pH 1 Cd 2 Hg 2 As 2 Pb 2 Cr 2

Cd 1 1
Hg 1 0.071 * 1
As 1 0.021 0.204 ** 1
Pb 1 0.135 ** 0.383 ** 0.310 ** 1
Cr 1 0.015 0.068 0.023 0.034 1
pH 1 0.017 −0.054 −0.012 −0.182 ** −0.205 ** 1
Cd 2 0.220 ** 0.145 ** 0.126 ** 0.393 ** 0.031 −0.181 ** 1
Hg 2 −0.048 −0.181 ** −0.080 * −0.085 ** −0.087 ** 0.144 ** 0.110 ** 1
As 2 0.014 0.201 ** 0.079 * 0.104 ** −0.013 −0.079 * −0.051 −0.180 ** 1
Pb 2 0.082 * 0.127 ** 0.106 ** 0.384 ** −0.037 −0.037 0.214 ** −0.056 0.115 ** 1
Cr 2 −0.021 −0.056 0.059 −0.015 −0.048 0.149 ** −0.003 0.113 ** 0.084 * 0.031 1

1 In soil; 2 in rice; ** significant at 0.01 level (critical value: 0.084); * significant at 0.05 level (critical value: 0.064).

Sustainability 2017, 9, 1846  12 of 22 

Hg in soil and rice (Hg 1 and Hg 2, respectively) have a significantly negative correlation at the 0.01 

level. In addition, the concentration of Cd in rice (Cd 2) and the pH value of the soil (pH 1) show a 

significantly negative correlation at the 0.01 level, with the correlation coefficient being −0.181. This 

result indicates that a high soil pH equates to the low binding ability of Cd in rice. 

Table 3. Descriptive statistical summary of concentrations of heavy metals in soil and rice samples. 

Statistical Measures Cd 1 Hg 1 As 1 Pb 1 Cr 1 pH Cd 2 Hg 2 As 2 Pb 2 Cr 2 

Minimum 0.17 0.06 5.10 22.00 40.30 4.30 0.00 0.00 0.00 0.00 0.00 

Maximum 128.40 1.32 149.20 265.50 327.30 7.80 6.21 0.01 0.98 1.22 3.20 

Median 0.55 0.15 17.10 44.30 70.50 5.50 0.28 0.01 0.08 0.00 0.08 

Mean 0.97 0.17 18.29 48.54 74.58 5.61 0.46 0.01 0.09 0.02 0.23 

SD 4.48 0.10 8.87 17.62 25.61 0.57 0.57 0.00 0.05 0.06 0.35 

CV (%) 461.42 56.96 48.50 36.29 34.33 10.11 123.40 42.59 62.24 233.46 155.19 

Kurtosis 698.05 48.11 80.49 39.50 31.85 1.14 18.99 −0.56 72.29 206.86 18.76 

Skewness 24.97 5.40 6.98 4.69 4.43 0.78 3.40 0.19 4.69 11.40 3.52 

1 Measured concentration of each heavy metal in the soil sample (mg/kg); 2 measured concentration 

of each heavy metal in the rice sample (mg/kg). 

 
(a1) 

 
(b1) 

  
(c1) 

 
(d1) 

Figure 6. Cont.



Sustainability 2017, 9, 1846 13 of 22
Sustainability 2017, 9, 1846  13 of 22 

 
(e1) 

 
(a2) 

 
(b2) 

 
(c2) 

 
(d2) 

 
(e2) 

Figure 6. Histograms of concentration distribution of each heavy metal in soil and rice samples; the 
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denotes the number of monitoring points. In soil: (a1) Cd; (b1) Hg; (c1) As; (d1) Pb; and (e1) Cr. In 

rice: (a2) Cd; (b2) Hg; (c2) As; (d2) Pb; and (e2) Cr. 

Figure 6. Histograms of concentration distribution of each heavy metal in soil and rice samples; the
horizontal axis denotes the concentration of heavy metal in the sample (mg/kg), and the vertical axis
denotes the number of monitoring points. In soil: (a1) Cd; (b1) Hg; (c1) As; (d1) Pb; and (e1) Cr. In rice:
(a2) Cd; (b2) Hg; (c2) As; (d2) Pb; and (e2) Cr.
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4.3. Risk Assessment of Heavy Metal Pollution in Farmland Soils

The number of monitoring points where the measured concentration of the heavy metals in the
soil or rice samples exceeds the corresponding limit value is calculated prior to the risk assessment
of heavy metal pollution in farmland soils. In this study, the limit values of the heavy metals in the
farmland soils are determined by grade II limits of the Chinese national standard “Environmental
Quality Standard of Soils (GB 15618–1995)” (Table 5), and the limit value of the heavy metals in the rice
is determined by the Chinese national standard GB 2762–2017 (Table 6). The quantity and percentage of
the monitoring points where the measured concentrations of the heavy metals in the soil or rice exceed
the limit value stated by the national standard are presented in Table 7. Soil Cd concentration exceeds
its limit value in 929 monitoring points, which accounts for 98.31%. Similarly, rice Cd concentration
exceeds its limit value in 568 monitoring points, which accounts for 60.11%. Meanwhile, soil Hg and Cr
concentrations exceed their limit values in 50 (5.93%) and 3 (0.32%) monitoring points, respectively. Rice
Hg and Cr concentrations exceed their limit values in 0 and 30 (3.17%) monitoring points, respectively.
Collectively, these results show that Cd is the most important pollutant in the farmland soils in the
studied area and has the highest pollution rate in the soil (98.31%) and rice (60.11%), followed by
Hg, As, and Pb, whose pollution rates are the lowest of the metals and are lower than 1% in the rice
sample. These results suggest that Cd causes the most serious pollution in the farmland soil in the
study area, followed by Cr, As, Pb, and Hg. Moreover, the concentrations of heavy metals, except for
Cd and Cr, in the farmland soil in the study area are tolerable or close to acceptable. However, some
specific measures should still be adopted to reduce environmental exposure risks to soil metals and
protect vulnerable populations, such as children and women [27]. Previous studies show that Cd and
Cr are harmful to the human body, and this finding is supported by adequate evidence [5,11–13,29].
Special attention should be paid and control priority should be given to these two heavy metals to
target the lowest threats to the safety of agricultural products and human health. Therefore, several
soil remediation measures should be conducted for reducing Cd and Cr concentrations in the farmland
soils of the studied area and reduce their accumulation in crops.
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Table 5. Limit values of heavy metals in farmland soils (mg/kg).

Metals pH < 6.5 6.5 ≤ pH ≤ 7.5 pH > 7.5

Cd ≤ 0.3 0.3 0.6
Hg ≤ 0.3 0.5 1
As ≤ 30 25 20
Pb ≤ 250 300 350
Cr ≤ 250 300 350

Table 6. Limit values of heavy metals in rice (mg/kg).

Sample Cd ≤ Hg ≤ As ≤ Pb ≤ Cr ≤
Rice 0.20 0.02 0.20 0.20 1.00

Table 7. Quantity and percentage of unqualified monitoring points.

Unqualified
Monitoring Points Cd 1 Hg 1 As 1 Pb 1 Cr 1 Cd 2 Hg 2 As 2 Pb 2 Cr 2

Quantity 929 56 32 1 3 568 0 5 4 30
Percentage (%) 98.31 5.93 3.39 0.11 0.32 60.11 0.00 0.53 0.42 3.17

1 In soil; 2 in rice.

In this study, our proposed soil–crop collaborative risk assessment model is applied for assessing
the degree of heavy metal pollution in farmland soils. The percentage of monitoring points at each
pollution level is calculated; Figure 8 shows that the proportions of monitoring points at each pollution
level are 4.87%, 24.23%, 46.67%, 11.75%, and 12.49%, respectively. More than 70.9% of the farmland soils
are slightly polluted (pollution level III) or above; 46.67%, 11.75%, and 12.49% are lightly, moderately,
and severely polluted, respectively. The proportions of farmland soils at pollution level I and II
are 4.87% and 24.23%, respectively. These findings indicate that most of the farmland soils in the
studied area are polluted, and lightly polluted (pollution level III) farmland soils account for the largest
proportion (46.67%). The main causes of heavy metal pollution in soils are most often man-made and
caused by increasing industrialization and human activities [27]. Many factors, such as mining and
smelting, industry, sewage irrigation, urban development, and fertilizer application [27], contribute to
the heavy metal pollution in the farmland soils of the studied area. The area is the center of Chinese
nonferrous mining [29] and has abundant amounts of nonferrous metals in its soil. Human activities
in this area, especially mining and sewage irrigation, release a large amount of heavy metals into the
farmland soils.
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The pollution risk assessment results of the traditional model and our collaborative model are
compared to examine the performance of the latter. The pollution level of each monitoring point is
determined, and the number of monitoring points at each pollution level is counted by using the
two abovementioned risk assessment models. The comparison of the two models is presented in
Table 8 and Figure 9. Table 8 shows that the slightly polluted (pollution level III) farmland soils
account for a large proportion, reaching 63.28% using the traditional model and 46.67% using the
collaborative model. The collaborative model produces lower proportions of lightly and moderately
polluted farmland soils than the traditional model. However, excellent, good, and severely polluted
farmland soils account for a high proportion under the collaborative model (Figure 9). This result
suggests that the concentrations of the heavy metals in crops are similar to those in soil, albeit with
some subtle differences. Given that different heavy metals have different transfer and accumulation
characteristics in different crop varieties [55,56], the concentration of heavy metals in crops will also be
different despite being in the same field soil growth. This condition implies that crop varieties that
are resistant to heavy metals should be cultivated in areas that are slightly or moderately polluted by
heavy metals. Meanwhile, food crops should be banned in severely polluted areas to prevent heavy
metals from entering the human body.

Table 8. Comparison of pollution risk assessment results between traditional and collaborative models.

Pollution Level
Traditional Model Collaborative Model

Quantity Percentage (%) Quantity Percentage (%)

I 5 0.53 46 4.87
II 134 14.18 229 24.23
III 598 63.28 441 46.67
IV 140 14.81 111 11.75
V 68 7.20 118 12.49
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Finally, WebGIS technology, that is, Baidu Maps, is used to visually display the relevant
information about heavy metal pollution in farmlands. The pollution risk level of each sampling point
can be clearly marked on the spatial distribution map of the risk levels for heavy metal pollution in
the monitoring points (Figure 10), which indicate that the middle eastern section of the study area
has a high concentration of contamination hotspots. This area, which is close to the Xiang River is
a traditional industrialized region with many mineral mining enterprises and chemical companies.
Hence, industrial emissions, mining, smelting, and sewage irrigation, along with the original soil
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texture and composition, may be the main causes of heavy metal pollution in the soils in the study
area. Moreover, the historical sampling data of each sampling point can also be easily retrieved. Users
can easily access the abovementioned information via a desktop computer, a tablet, or a smartphone.
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4.4. Implementation

Our proposed soil–crop collaborative assessment model is integrated into the WIS in the
DSS–RAHMP. The WIS can provide various services, such as risk assessment, data management,
and statistical analysis (Figure 11). Users can access the WIS through different user interfaces, such as
desktop computers, laptops, and tablet PCs. Until now, the developed system is applied in several
county-level cities in China for risk assessment and supervision of heavy metal pollution in farmland
soils, with its functions, including risk assessment, data acquisition, statistical analysis, and agricultural
survey. To date, our system is running safely and stably and can provide better decision support for
the risk assessment of heavy metal pollution in farmlands than when no such system is applied. For
instance, our developed data acquisition system can collect and upload data from monitoring points
efficiently and accurately, and this system is considerably superior to the traditional way of paper
collection. When data collection is complete, our system automatically assesses the pollution risk and
visually displays the evaluation results on the map. Therefore, the level of soil heavy metal pollution at
each monitoring point and its sampling data can be easily queried in real time. Government managers
can adopt a series of measures, such as targeted monitoring, soil remediation, and crop adjustment, in
areas at high risk of soil heavy metal pollution. Thus, these measures are valuable in improving the
management level of heavy metal pollution in farmland soil.
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5. Conclusions

Heavy metal pollution in farmland soils is a major concern in China. Heavy metal pollution in
agricultural soil has adverse effects on soil ecosystem and causes potential food safety and health risks.
Thus, a risk-oriented decision support system should be constructed for monitoring and assessing
heavy metal pollution in farmland soils. In this study, the DSS–RAHMP is proposed and presented, and
several techniques, namely, WebGIS, QR code, and RFID, are introduced in this framework. Then, a
soil–crop collaborative risk assessment model, which considers the effect of heavy metal concentrations
in soil and crops, is proposed for the risk assessment of heavy metal pollution in farmland soils. A soil
sample and corresponding crop sample is collected from each of the 945 monitoring points in the
studied area. Results show that Cd is the most important pollutant in farmland soils and has the
highest unqualified rate of 98.31% in the soil samples and 60.11% in the rice samples. More than
70.9% of the farmland soils are slightly polluted or above in the studied area. Many factors, including
natural and man-made factors, may cause heavy metal pollution in farmland soils. Heavy metal
enrichment in soil can be the result of natural processes, such as the weathering of heavy metal-rich
parent rocks and interactions between soil components, such as organic matter or clay content [24].
Furthermore, increasing industrialization and human activities greatly affect heavy metal pollution in
soils [5]. Users can easily access the results of the risk assessment of the study area in many ways. For
instance, the results are visually displayed on the WIS in the DSS–RAHMP, which provides different
user interfaces. Our proposed system has been running steadily for over a year. The findings show
that our proposed system framework and model can be applied for assessing the pollution of heavy
metals in farmland soils.

Recently, many studies have focused on the assessment of heavy metal pollution [7,15,24–27,59].
Nevertheless, most of these works utilized theoretical or empirical methods in their study of soil heavy
metal pollution. Only a few reports presented the construction of decision support systems for risk
assessment for heavy metal pollution in farmland soils. Some studies explored information systems for
heavy metal pollution in water and air [60,61]; however, most of them only described system designs
or functions and did not present any implementation and application. Moreover, few successful
implementations using information systems for risk assessment and management decision-making
related to heavy metal pollution in farmland soils are reported in the Chinese industry. One reason
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for this deficiency is that the research on management and decision support systems for heavy metal
pollution in farmlands in China is still in the exploratory stage. Another reason is that the existing
information systems in this area are not powerful enough to meet the actual management needs for
addressing heavy metal pollution in farmland soils. Our proposed system, which is composed of an
MDAT and a WIS, can realize rapid collection and integration management of farmland soil monitoring
data by integrating technologies such as WebGIS, QR code, RFID, and web services as bases. The
analytical findings and their visual presentation from our proposed system can provide technical
support for monitoring and supervising heavy metal pollution in farmland soils. Users can query
the risk assessment results and historical sampling data of each monitoring point in real time. Few
supervisors can monitor the dynamic changes of all monitoring points in a county. Traditionally, such
work is impossible without the support of an information system. The proposed system effectively
solves problems such as backward monitoring means, low informatization level, high cost, and low
efficiency of management in the supervision of heavy metal pollution in farmland soils. Hence, the
proposed system can help improve the level of automation and intelligence of the supervision of heavy
metal pollution in farmland soils. The system is employed in several county-level cities in China for
managing heavy metal pollution in farmlands, with its functions, including risk assessment, data
acquisition, statistical analysis, and agricultural survey. The practical applications of the system are
beneficial for the improvement of farmland soil environment management and heavy metal pollution
prevention and control. Consequently, this study offers scientific and practical implications through
the proposed WebGIS-based risk assessment system for heavy metal pollution in farmland soils. Our
proposed soil–crop collaborative risk assessment model can objectively evaluate the heavy metal
pollution in farmland soils in comparison with the traditional assessment models considering only soil
samples. In addition, our research work may provide valuable references for governmental agencies to
initiate and adjust relevant policies for preventing and controlling heavy metal pollution in farmland
soils in China.

However, we should emphasize that this research has some limitations. The study is conducted
from a technical point of view and focused on developing a risk assessment system for soil heavy metal
pollution. Non-technical factors, such as political, socioeconomic, and legal issues [19], which may
also lead to heavy metal pollution in farmland soils [59], were not considered in the risk assessment.
Moreover, uncertainties may exist in risk assessment due to the low optimization of the layout of
monitoring points and random sampling errors. In addition, the functional modules of our system
need to be further extended and optimized.

For future research, we will concentrate on the following: (1) improving the risk assessment
method (e.g., considering non-technical factors) to make it highly scientific and objective and upgrading
the information system to satisfy the needs of users and support massive and complex datasets;
(2) creating an early warning model for heavy metal pollution in farmland soils; and (3) creating a
crop-planting adjustment model for seriously polluted farmland soils.
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